Motivation: Splice variation plays important roles in evolution and cancer. Different splice variants of a gene may be characteristic of particular cellular processes, subcellular locations or organs. Although several genomic projects have identified splice variants, there have been no large-scale computational studies of the relationship between number of splice variants and biological function. The Gene Ontology (GO) and tools for leveraging GO, such as GoMiner, now make such a study feasible. Results: We partitioned genes into two groups: those with numbers of splice variants ≤b and >b (b = 1,...,10). Then we used GoMiner to determine whether any GO categories are enriched in genes with particular numbers of splice variants. Since there was no a priori 'appropriate' partition boundary, we studied those 'robust' categories whose enrichment did not depend on the selection of a particular partition boundary. Furthermore, because the distribution of splice variant number was a snapshot taken at a particular point in time, we confirmed that those observations were stable across successive builds of GenBank. A small number of categories were found for genes in the lower partitions. A larger number of categories were found for genes in the higher partitions. Those categories were largely associated with cell death and signal transduction. Apoptotic genes tended to have a large repertoire of splice variants, and genes with splice variants exhibited a distinctive 'apoptotic island' in clustered image maps (CIMs).
INTRODUCTION
Alternative splicing generates enhanced diversity in the transcriptome relative to the genome, and various reports have suggested that the percentage of genes exhibiting alternative * To whom correspondence should be addressed.
† The authors wish it to be known that, in their opinion, the first two authors should be regarded as joint First authors.
splicing may be as high as 94% (Boue et al., 2003; Lee and Roy, 2004; Wang et al., 2008) . In the present study, we found alternative splicing for ∼84% of those human genes that had HGNC symbols (Ashburner et al., 2000a; Gene Ontology Consortium, 2006; Little, 1998; McKusick, 1989; Wain et al., 2002) . Numerous reviews describe alternative splicing in general (Black, 2000; Breitbart et al., 1987; Graveley, 2001; Modrek and Lee, 2002) , mechanisms of alternative splicing (Black, 2003; Smith et al., 1989) , and the roles played by alternative splicing in particular biological processes and diseases (Black, 1998; Black and Grabowski, 2003; Blencowe, 2000; Burgess et al., 1999; Caceres and Kornblihtt, 2002; Cooper and Mattox, 1997; Garcia-Blanco et al., 2004; Grabowski and Black, 2001; Jiang and Wu, 1999; Schutt and Nothiger, 2000; Xu et al., 2002) . Splice isoforms can have different degrees of activity (Zhang et al., 2006) or can perform radically different functions (Fernandez-Real et al., 2006) . Splice variation plays important roles in cancer and in evolution (Kriventseva et al., 2003) . Although several genomic studies have attempted to identify splice variants (Carninci et al., 2005; Tress et al., 2007) , we are not aware of any computational studies in which the global relationship between the number of splice variants and biological function of a gene has been analyzed. The Gene Ontology (GO; Ashburner et al., 2000b; Gene Ontology Consortium, 2006) and tools like GoMiner (Zeeberg et al., 2003) and High-Throughput GoMiner (HTGM; Zeeberg et al., 2005) now make such studies feasible.
Using those resources, we attempted to determine whether any GO categories were enriched in classes of genes with particular ranges of splice variant number. That is, we tested the null hypothesis that there is no correlation between the number of characterized splice variants and the GO classification, starting with no a priori expectation that there would be even one such category. Neither did we have any expectation as to whether any enriched categories would be related to one another nor whether they would reflect any particular biological process(es).
In fact, enriched categories did appear. Many of those categories were closely related to one another, and categories relevant to cancer were particularly prominent among them. Specifically, we found a particularly strong global relationship for genes involved in apoptosis, in that genes related to apoptosis and signaling tended to have large repertoires of splice variants. A specialized form of clustered image map (CIM) highlighted GO categories with relatively high numbers of splice variants in the form of distinctive 'apoptotic islands.'
METHODS

Data acquisition
Data for computing the number of splice variants per gene were acquired from the Evidence Viewer Database (EVDB; Kahn et al., 2006) and http:// www.tigerteamconsulting.com/SpliceCenter/FAQ_Database.jsp. EVDB is an exhaustive, non-redundant relational database of all known genes and their splice variants that we have developed, based on the NCBI Gene Evidence Viewer. EVDB allows high-throughput querying of splice variant data. The complete description of EVDB and the methods used to create it are given in Kahn et al. (2006) . The technical details of the construction of EVDB for builds 35 and 36 are given in Kahn et al. (2006) and http://www.tigerteamconsulting.com/SpliceCenter/FAQ_ Database.jsp, respectively. Supplementary Table S1 shows the versions of the relevant data sources that were used.
High-Throughput GoMiner (HTGM)
GoMiner (Zeeberg et al., 2003) is a tool for biological interpretation of 'omic'data, including data from gene expression microarrays. It leverages the GO database (http://www.geneontology.org/GO.downloads.database.shtml) to identify 'biological processes,' 'molecular functions,' and 'cellular components' represented in a list of genes. HTGM (Zeeberg et al., 2005) , which was used for many of the analyses reported here, is an enhancement of GoMiner that efficiently performs the computationally challenging task of automated batch processing of an arbitrary number of such gene lists. A GO category is considered to be enriched if the number of changed genes that HTGM assigned to it is statistically significantly greater than the number expected by chance. A category is considered to be significant if its false discovery rate (FDR) is less than or equal to a given threshold (typically 0.10). Briefly, GoMiner computes a one-tail Fisher Exact P-value that is based on a 2×2 contingency table representing 'in GO category' and 'not in GO category' versus 'in partition' and 'not in partition'. The FDR is estimated by a comparison of the distribution of P-values for the real data and for multiple determinations of randomized data. See Zeeberg et al. (2003 Zeeberg et al. ( , 2005 for detailed discussions of GoMiner and HTGM, including calculations of statistical significance. The parameters used in all HTGM analyses are listed in Supplementary Table S2 . Only genes that had HGNC symbols and GO annotations were used in our studies.
Clustering with genesis
CIMs were first introduced in Weinstein et al. (1997) and were produced here with the Genesis program (Sturn et al., 2002) . We selected the Euclidean distance metric and average linkage for hierarchal clustering. To facilitate visualization, we implemented a recently added feature of GoMiner that removes large, generic categories from all CIMs.
Directed acyclic graph (DAG) representation of the robust categories
A leaf category is defined as a robust category that is not the parent of another robust category. A DAG segment is constructed for each leaf category, with the leaf category as the sole leaf node of that segment. The GO database is directly queried by SQL to determine the DAG structure for each leaf category. Although the vertical position of each node in the segment is predetermined, the horizontal position is arbitrary. The internal layout for each segment is optimized by interchanging the horizontal position of the nodes to generate the shortest overall length of connecting lines. Genes that fall into the higher partition for build 36 and the lower partition for build 35 hl Genes that fall into the lower partition for build 36 and the higher partition for build 35 hh Genes that fall into the higher partition in both builds T l l + lh + hl + hh
RESULTS AND DISCUSSION
Partitioning genes according to splice variant number
GenBank is continually evolving, and there is uncertainty about the exact number of splice variants for any given gene. Therefore, cumulative classes may be more robust than individual classes for investigating the biological meaning of splice variant number. Cumulative gene classes were formed by taking the union of individual gene classes: i.e. genes were partitioned into two groups:
• those with a number of splice variants ≤b
• those with a number of splice variants >b where b is the partition boundary (b = 1,...,10 
Stability of representation of splice variants/gene by GenBank mRNA sequences corresponding to human genome builds 35 and 36
We searched for partitionings stable across human genome builds 35 and 36 by defining a set of genes G that is the intersection of genes in builds 35 and 36. Each gene in G fell into one of four classes, as defined in Table 1 . For a given partitioning, (ll +hh)/T = 1.0 would represent perfect stability. In practice, the stability was somewhat lower than 1.0. For instance, that ratio achieved 0.984 for b = 10 (Supplementary Table S4 ).
In selecting a partitioning, we needed to consider both the stability and suitability as input to GoMiner. If the gene set were too small or too large, then it would not be suitable. A set that was too small would not provide adequate statistical power. Generally, the set should contain at least 200 genes that map to the GO database. On the other hand, a set that was too large would result in all categories being heavily populated with genes, and it would be impossible to detect meaningful enrichment. All three stability/GoMiner requirements
were met by partitions 6 through 10 (Supplementary Table S4 ).
Summary statistics for build 36
The numbers of genes that survived successive processing steps are shown in Supplementary Table S5 . The total number of genes represented was 19 215 (the corresponding number for build 35 was 16 893). A total of 7201 were represented by HGNC symbols and had mappings in the GO database. A total of 1285 genes mapped to partition {8,...,66}, for example. 835 of the 1285 had mappings in the GO database.
Robustness of GO categories
A robust GO category is one that GoMiner deemed to be statistically significantly enriched through a broad range of partitions. A combination CIM (Supplementary Fig. S1 ) provided a convenient visualization of the comparison of the degree of robustness of categories in lower partitions across builds 35 and 36. A few of the significant categories that involved sensory perception appeared in both, but none of those categories were considered to be robust within or across builds. It was surprising that sensory perception categories would be associated with low partitions. For example, it is well known that olfactory receptors enjoy considerable degree of alternate splicing (Young et al., 2003) . Yet, our search of GenBank revealed that independent records for the different variants had not been deposited. We expect that the apparent low number of splice variants is an artifact resulting from poor annotation of sensory perception genes in GenBank.
In contrast, there were a substantial number of robust categories in higher partitions (Fig. 1, Supplementary Figs S2 and S3, and Table S5 ). A total of 835 genes mapped to a significant GO category in partition {8,...,66} (Supplementary Table S5 ). Of those 835 genes, 799 mapped to a category that was deemed by GoMiner to be statistically significant. Approximately half (404) of those genes mapped to a significant category that was robust. There were a total of 59 robust categories, of which 55 occurred in partition {8,...,66}.
Categories-versus-genes CIMs
The robust categories-versus-genes CIM for partition {8,...,66} exhibited a distinct apoptotic island ( Fig. 2 and Supplementary  Fig. S4 ). The identity of the genes associated with that feature and with other features can be determined from the full-size CIM ( Supplementary Fig. S4 ). The full-size CIM in Supplementary Figure S4 can also be used to examine cross-talk between categories. For example, many genes appear in common between GO:0006915_apoptosis and GO:0007242_intracellular_signaling_ cascade (Supplementary Table S6 ).
DAG representation of the robust categories
The CIM visualizations does not explicitly represent the hierarchical arrangement of categories that is present in the GO DAG structure. We have observed that a single complete DAG representation is useful for conveying the complexity of the arrangement, but it is too complex to be very informative to the human visual system. Consequently, we have developed a novel piecewise DAG representation of the 59 robust categories that are depicted in Supplementary Figure S5 . Each DAG segment was derived from 3 . Cumulative probability distributions (CPDs) for the frequency of splice variant numbers in the reference category (biological process; 7201 genes), apoptosis (477 genes) and cell-cell signaling (440 genes). The CPD was taken in the 'reverse' direction, from high to low number of splice variants, to illustrate more effectively the enrichment in high numbers of splice variants for apoptosis. The CPD for apoptosis was significantly different from the reference category (K-S, P < 0.0001, computed for the normal direction for the CPD), whereas that for cell-cell signaling was not (K-S, P = 0.92). The expanded inset emphasizes the dramatic enrichment for apoptosis in the high-splice variant-number tail of the distribution, in contrast to the behavior of the control category, cell-cell signaling. a single robust category, which was the sole leaf node in that segment. If a robust category appeared as the parent of another robust category, that robust parent category was not used as a leaf node elsewhere. The robust and non-robust categories that appeared in a DAG segment are rendered in red and blue, respectively. The DAG segment representation contain a modest degree of redundancy because some segments displays the same nodes. We feel that the slight redundancy is justified because of the enhanced clarity of the representation.
An alternative complementary perspective of category enrichment
An alternate approach that complements traditional GoMiner category enrichment is analysis of the distribution of splice variant number for genes mapping to a category. The probability distribution ( Fig. 3 and Supplementary Fig. S6 ) indicate a shift to higher splice variant number for genes in the apoptosis category (i.e. significant in GoMiner) compared with the reference distribution (i.e. the biological_process category). The control category cellcell signaling (i.e. non-significant in GoMiner) does not exhibit any such shift. The shift in the probability distribution visually reflects the underlying dramatic quantitative enrichment of the apoptosis category. The reference distribution contains a total of 7201 genes of which 835 have 8 or more splice variants (Supplementary Table S5 ). Thus the reference distribution exhibits a ratio of 835/7201 = 0.116. The apoptosis category contains a total of 477 genes (data not shown), so the expected number of genes with 8 or more splice variants was 477 * 0.116 ≈ 55. But the apoptosis category actually includes 101 genes (data not shown) with 8 or more splice variants, an excess of 101−55 = 46, corresponding to a ratio of 101/477 = 0.212 or a 1.826-fold enrichment relative to the reference (GoMiner P-value ≈ 10 −9.42 and FDR ≤ 10 −6 ). Thus, apoptosis includes almost twice the expected number of genes with 8 or more splice variants, and that excess is reflected visually in Figure 3 .
CONCLUSIONS
The current analysis was originally intended purely as a genomics study to correlate functional categories with number of splice isoforms. The observations unexpectedly turned out to have strong relevance for cancer-interesting processes, especially apoptosis. We will summarize the major findings and then examine the implications for apoptosis in more detail.
When displayed in a CIM, genes with a high number of splice variants, class {8,...,66}, form a distinctive 'apoptotic island' (Fig. 2 and Supplementary Fig. S4 ).
Forty-one genes fall into both apoptosis and intracellular signaling (Fig. 2, Supplementary Fig. S4 and Table S6 ). Those genes provide a mechanism for 'cross-talk'. Apoptotic and intracellular signaling categories are well studied and it is not a surprise that a number of genes are shared (see for example, Wu et al., 2006) . The potential for the CIM to uncover such relationships will be of particular value in less well-studied disease states.
In fact, several of the shared genes are central to both apoptosis and signaling. Their modes of alternate splicing have consequently been studied in some detail. For example, Benedict et al. (2000) studied alternate splicing of Apaf-1. Alternative splicing can create an NH 2 -terminal 11-amino acid insert between the caspase recruitment domain and ATPase domains or an additional COOHterminal WD-40 repeat. Apaf-1XL contains both the NH 2 -terminal and COOH-terminal inserts and is the major RNA form expressed in all tissues tested. Apaf-1LN contains the NH 2 -terminal insert, but lacks the additional WD-40 repeat. Only those isoforms with the additional WD-40 repeat activated procaspase-9 in vitro in response to cytochrome c and dATP, whereas the NH-terminal insert was not required for that activity. Merdzhanova et al. (2008) studied the upregulation of SC35 by E2F1. They found that DNA-damaging agents stabilize E2F1 and induce its transcriptional activity. Overexpression of SC35 alters the splicing of caspase-2 mRNA, favoring expression of the proapoptotic isoform accumulation. E2F1 requires SC35 to switch the alternative splicing profile of various apoptotic genes such as cflip, caspases-8, caspases-9 and Bcl-x towards the expression of pro-apoptotic splice variants. Jiang and Wu (1999) aptly summarized the state of the field as it stood in 1999:
Expression and function of a large number of genes involved in PCD [programmed cell death] are regulated by alternative splicing, including death receptors and intracellular components of the death machinery. Alternative splicing affects not only intracellular distribution but also functional activity of these death regulators, providing a fine-tuning mechanism in modulating a presumably tightly controlled process of cell death.
Our current results, which are based on the much larger number of GenBank records that are available now as compared with the number available to Jiang and Wu (1999) , are consistent with that summary statement.
We speculate that the relationship, uncovered in our studies, between the structure of the human genome and the life and death of a cell, is a fundamental property of the cell. That is, the locations of nucleotide sequences dictating the regulation of the number of alternate splice forms in the human genome ('structure') are intimately related to apoptosis ('function'). With regard to splice variants, there are two competing 'drives': robustness, which will be enhanced as a component becomes simpler, and diversity to allow fine-tuning in different tissues, stages of development or states of health and disease.
The concrete manifestation of robustness is one transcript per gene, whereas the concrete manifestation of diversity is multiple or a high number of transcripts per gene. The negative aspects of those two attributes are inflexibility for the former and an increase in errors due to complexity [e.g. susceptibility to lethal mutation in splice site signal sequences (Rogan et al., 1998; Schneider, 2005) ] in the latter. We speculate that all genes would have multiple transcripts to achieve greater flexibility if susceptibility to mutation were not of over-riding importance. Therefore, only those genes that must have multiple transcripts do so. In such cases, the need for flexibility apparently over-rides the 'prudence' of avoiding susceptibility to mutation.
Supplementary Table S5 shows that the majority of genes do, in fact, exhibit at least two known splice forms: 16 117/19 215 = 0.84 overall, and 6793/7201 = 0.94 for those genes in human genome build 36 that have HGNC symbols and that are represented in the GO database. In the context of our speculation, that observation would imply that the flexibility afforded by fine-tuning is essential. 
